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Abstract

The interpretation of chest X-rays (CXRs) is a critical yet time-consuming task in clin-
ical radiology, often limited by the availability of expert radiologists. To address this chal-
lenge, we introduce a new large-scale medical Visual Question Answering (VQA) dataset
derived from the MIMIC-CXR database, containing over 3.2 million question-answer (QA)
pairs across 15 clinically relevant categories, enabling the training of multimodal models
capable of answering a broad range of diagnostic questions directly from chest X-ray im-
ages. Unlike prior datasets, our QA pairs are generated using a large language model,
LLaMA 3.1, guided by a carefully crafted prompt structure to produce rich, nuanced, and
evidence-based textual answers grounded in radiology reports. We address limitations of
existing datasets such as templated responses and linguistic monotony by ensuring diver-
sity, completeness, and clinical fidelity in our QA pairs. To support benchmarking on this
new dataset, we provide initial baseline models and training strategies designed to evaluate
visual and textual reasoning performance in the medical VQA setting. Extensive exper-
iments demonstrate the effectiveness of our approach across multiple evaluation metrics,
establishing a strong benchmark for future research in medical VQA. Our dataset and
baseline models pave the way for building clinically meaningful AI tools that can assist
radiologists by answering complex diagnostic questions with accuracy and interpretability.

Keywords: Visual Question Answering, Medical Imaging, Datasets.

1. Introduction

The rapid advancement of medical imaging technologies has significantly enhanced the ca-
pabilities of healthcare systems, particularly in radiology. Chest X-rays (CXRs) are among
the most commonly used diagnostic tools, providing critical insights into various thoracic
conditions. However, the interpretation of these images often requires specialized exper-
tise, which can be a bottleneck in healthcare delivery. One of the primary challenges in
radiology is the generation of accurate and informative radiology reports. Radiology report
generation aims to convert medical images into descriptive and clinically meaningful tex-
tual interpretations. Despite advancements in deep learning, automatic report generation
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remains challenging due to the complexity of medical terminology, variability in reporting
styles, and the need for high clinical accuracy.

To address these challenges, we introduce a new, large-scale medical Visual Question
Answering (VQA) dataset that is more consistent with radiologists’ practice. VQA systems,
which combine computer vision and natural language processing (NLP), enable automated
systems to answer natural language questions about visual content, making them highly
applicable to medical imaging. By focusing on identifying findings in medical images and
answering clinically relevant questions, our approach aligns more closely with radiologists’
diagnostic workflow.

In this study, we present a novel VQA dataset derived from the MIMIC-CXR dataset
(Johnson et al., 2019), a large-scale public database of chest radiographs containing 227,835
studies, each with a unique radiology report and corresponding images. The dataset in-
cludes a total of 377,110 images. Our dataset is designed to facilitate the development
of VQA models capable of answering clinically relevant questions about chest X-rays. It
includes 15 categories of questions: Atelectasis, Cardiomegaly, Consolidation, Edema, En-
larged Mediastinum, Fracture, Lung Lesion, Lung Opacity, No Finding, Pleural Effusion,
Pleural Other, Pneumonia, Pneumothorax, Support Devices, and Heart-related conditions.
The dataset contains a total of 3,247,512 question-answer (QA) pairs, making it one of the
most comprehensive resource for medical VQA research.

A key aspect of our dataset creation process is leveraging a large language model (LLM)
to generate answers with the objective of producing a rich and diverse dataset. Unlike
traditional approaches where VQA tasks are often reduced to simple classification problems
with systematic and templated responses, our dataset ensures that models trained on it
learn to understand and generate language effectively. The inclusion of detailed and nuanced
answers allows models to develop deeper linguistic and clinical reasoning skills, making them
more useful in real world applications.

To evaluate the usefulness of the dataset, a set of baseline models were implemented to
assess performance under different training strategies.

Our contributions are summarized as follows:

• A new medical image VQA task designed to mirror radiologists’ diagnostic workflow by
generating clinically grounded questions and rich answers that reflect real interpretive
steps rather than simple label prediction.

• A new large-scale dataset from MIMIC-CXR containing 3,247,512 LLM-generated QA
pairs across 15 clinically relevant categories, explicitly avoiding systematic classification-
like answers to encourage rich, diverse, and naturally expressed responses.

• Two baselines and a benchmark to guide future research toward more effective and
accessible medical VQA systems.

We release both the dataset and the baseline codebase 1 publicly to encourage further
developments in clinically meaningful AI systems.

1. https://github.com/LightVED-prhlt/MIMIC-CXR-VQA-Dataset_Creation

2

https://github.com/LightVED-prhlt/MIMIC-CXR-VQA-Dataset_Creation


MIMIC-CXR-VQA

2. Related work

Medical Visual Question Answering (VQA) is an emerging field that integrates computer
vision and natural language processing (NLP) to develop systems capable of answering
clinical questions based on medical images. These questions can be open-ended, requiring
free-text answers that involve reasoning, or closed-ended, which typically expect a limited
set of predefined responses such as yes/no or single-word choices. Several datasets have
been introduced to facilitate research in medical VQA, each with unique characteristics and
challenges.

One of the pioneering medical VQA datasets is VQA-RAD (Lau et al., 2018), which
contains 3,515 QA pairs generated by clinicians and 315 radiology images covering the head,
chest, and abdomen. Each image is associated with multiple questions, categorized into 11
distinct types, including abnormality, modality, organ system, size, positional reasoning,
and others. The dataset includes a balanced mix of binary answers (yes/no) and short
phrases or single-word responses.

A more recent addition to medical VQA datasets is SLAKE (Liu et al., 2021a), a
Semantically-Labeled Knowledge-Enhanced dataset designed for radiology-based VQA. The
dataset consists of 642 radiology images and over 7,000 diverse QA pairs annotated by ex-
perienced physicians. Unlike earlier datasets, SLAKE incorporates external medical knowl-
edge through a structured knowledge graph, enriching the reasoning capabilities required
for answering complex questions. Additionally, SLAKE provides extensive visual annota-
tions, including semantic segmentation masks and object detection bounding boxes. It also
covers a broader range of anatomical regions, including the brain, neck, chest, abdomen,
and pelvic cavity. Notably, SLAKE is a bilingual dataset, available in both English and
Chinese.

A significant advancement in medical VQA datasets came with the release of PathVQA
(He et al., 2020), which specifically focuses on pathology images. PathVQA comprises 4,998
pathology images and 32,799 QA pairs. Each image is associated with multiple questions
related to various aspects such as location, shape, color, and appearance. This dataset is
particularly valuable for developing models tailored to microscopic medical imaging, en-
abling deeper understanding and reasoning within the domain of histopathology.

Table 1: Comparative Analysis Across Different Medical VQA Datasets
Dataset VQA-RAD SLAKE PathVQA Medical-Diff-VQA MIMIC-CXR-VQA(Ours)

Train Test Train Val Test Train Val Test Train Val Test Train Val Test

Images 313 203 450 96 96 2599 858 858 131825 16402 16431 249006 2098 3830
QA Pairs 1797 451 4919 1053 1061 19755 6279 6761 560563 70070 70070 3157795 26627 63090
-Open 770 179 2976 631 645 9949 3144 3370 187920 23348 23592 3151643 26586 62952
-Closed 1027 272 1943 422 416 9806 3135 3391 372643 46722 46478 6148 41 138

However, these datasets are relatively small and primarily used for testing purposes
rather than training robust medical VQA models. Larger datasets are required to train
deep learning models effectively. One such dataset is Medical-Diff-VQA (Lu et al., 2024),
which significantly expands the number of QA pairs compared to the first two mentioned.
Medical-Diff-VQA contains a much larger number of question-answer pairs, providing better
coverage of medical knowledge. However, despite its size, it has notable limitations. The
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dataset was generated based on predefined rules, which means that the answers follow
a rigid and repetitive structure. As a result, it lacks linguistic richness and variability.
Furthermore, since the answers essentially enumerate the findings relevant to the question
without forming natural sentences, the dataset can be reduced to a classification problem
rather than a true generative task. This issue limits its effectiveness in training models for
real-world applications where complex sentence structures and nuanced medical reasoning
are required.

To address these shortcomings, we have created a large-scale medical VQA dataset
that overcomes the limitations of existing datasets. As shown in Table 1, our dataset
contains a significantly larger number of diverse and contextually rich QA pairs, generated
by leveraging a LLM. Unlike previous datasets with templated responses, our approach
introduces variability in linguistic expression and clinical reasoning, and because almost all
answers in our dataset are open-ended, it is considerably more suitable for real-world clinical
scenarios where free-text reasoning is required. This enables models to develop deeper
linguistic comprehension, ultimately improving their applicability in practical radiological
and medical settings.

3. Dataset Creation

The new VQA dataset was generated from the MIMIC-CXR dataset (Johnson et al., 2019).
To achieve this, we utilized a LLM and a structured set of steps to generate QA pairs from
each medical report. The QA pairs were created by leveraging CheXpert labels (Irvin et al.,
2019) and predefined question designed to extract meaningful information from the reports.
The rest of this section describes the question generation process and the automatic answer
generation pipeline.

3.1. Question Generation

In order to generate the questions, we utilized the CheXpert labels from the MIMIC-CXR
dataset, which categorizes each radiology report into 14 distinct categories. Each label in
this dataset can take one of four values: 1.0 (positive for the condition), 0.0 (explicitly
negative for the condition), -1.0 (uncertain), or NaN (not mentioned). To construct our
VQA dataset, we designed six questions for each one of these labels. The full list of questions
can be found in Appendix A.

In addition to the CheXpert labels, we introduced an extra label, heart, after observing
that the term appeared frequently in reports and carried clinical significance. If a report
contained the word heart, we assigned a value of 1.0 to this label and ensured that the
predefined heart-related questions were included.

Table 2: Distribution of CheXpert label values and corresponding generated questions.
CheXpert Labels Generated Questions

Value Count Meaning Count

1.0 423,065 Positive Finding 1,585,206

0.0 158,614
Negative Finding

365,424
NaN 2,532,881 1,055,232

-1.0 75,018 Uncertain Finding 241,650
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Table 2 illustrates the relationship between the original CheXpert label values and the
resulting number of generated questions in our dataset. The distribution reveals an imbal-
ance among the CheXpert labels, with positive (1.0) values occurring more frequently than
negative (0.0) or uncertain (-1.0) ones. To mitigate this issue and balance the frequency of
questions related to negative findings, additional questions derived from labels marked as
NaN were added, since any finding not mentioned in the report is considered negative.

The effectiveness of this balancing strategy is reflected in the final question distribution
shown in Figure 1, where it can be seen that the VQA dataset is doubly balanced, both
in terms of question coverage across labels and in the proportion of positive and negative
findings.

Figure 1: Final distribution of generated questions across all labels.

3.2. Automatic LLM Answer Generation

Using the previous generated questions and the reports, a large language model was used to
generate the corresponding answers automatically. This was acomplished using the prompt
described in Appendix B. The LLM model received the report text together with the cor-
responding question, ensuring that the generated answer was clinically consistent, coherent,
and aligned with the radiologist’s findings. It is important to mention, that additionally to
the findings report, the prompt was enriched with the indications section of the report, to
provide clinically relevant context as seen in Appendix C.

As explained in Appendix B, the system prompt was built incrementally by adding
multiple sub-prompts. We enforced a strict response format and an evidence-based style to
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obtain detailed, reliable answers and prevent hallucinations by ensuring that all information
originated from the report. Because radiology reports often mention comparisons with prior
studies, we added a Prohibited Terms and Constraints section to eliminate such references,
as our dataset targets single-study VQA without historical comparison.

Early tests revealed that some answers referenced the report itself (e.g., as written in
the report), whereas we required references to the radiograph. To correct this, we intro-
duced Terminology Guidelines to enforce consistent radiology-focused phrasing. Residual
comparison-related expressions were then removed through a Neutrality and Objectivity
sub-prompt, directing the LLM to answer as if observing the radiograph for the first time
and ensuring purely descriptive, non-comparative outputs.

Several LLM models were considered to generate the answers for their ability to follow
our prompt guidelines. For instance, we experimented with several medical fine-tuned
language models, such as Meditron (Chen et al., 2023). However, after conducting multiple
tests, we decided to use LLaMA (Touvron et al., 2023), as it performed exceptionally well
with our prompt structure and constraints. In particular, LLaMA shined on strong language
understanding and with less hallucinations than models finetuned on medical data, which
aligns with our objective of generating strictly evidence-based answers without assumptions.

Among the family of LLaMA models, we used LLaMA 3.1 with 8B parameters in the
Q4 K M quantization format. This configuration provided a balance between performance
and efficiency, ensuring that our system could generate high-quality, unbiased responses
while maintaining computational feasibility.

The response generation process was performed separately for the training, validation,
and test sets to maintain clear dataset partitions and prevent potential data leakage. Gener-
ating responses for the entire dataset required a total of eight days of processing on an RTX
4090, underscoring the computational demands of producing high-quality answers across all
samples.

4. Dataset Validation

Given the critical nature of clinical QA tasks, it is essential to rigorously assess the con-
sistency and reliability of the generated answers. The evaluation must consider four key
metrics: correctness, alignment with the original report, answer completeness, and clinical
relevance to ensure that the dataset is correct and maintains high fidelity to the underlying
medical records.

To systematically validate the generated QA pairs, we employed a hybrid assessment
strategy combining human and automated verification, as the large size of the dataset makes
a full human review infeasible. Specifically, 100 QA pairs were evaluated by three human
reviewers to establish a high-quality benchmark. A fourth verifier, an automated LLM-
based assessor, also reviewed the same 100 pairs as an experiment to assess how closely its
judgments align with those of human reviewers. After this initial validation, the LLM-based
assessor evaluated a larger sample of 33,130 QA pairs derived from a randomly sampled
subset of 1,000 radiology reports.

For the automated evaluation, we used DeepSeek-R1 (DeepSeek-AI et al., 2025) as
the LLM, selected for its reasoning capabilities. To that end, we designed a new structured
prompt instructing the model to evaluate each QA pair across the four key dimensions. This
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evaluation framework allows to reliably detect discrepancies between generated answers and
radiology reports, supporting the dataset’s suitability for downstream tasks.

Table 3: Human and LLM-based evaluation of radiology QA pairs in two scales and inter-
rater agreement across verifiers.

100 QA Pairs Evaluation Large-Scale Evaluation Inter-Rater Agreement
Human LLM

V1 V2 V3 V4 κ AC1 AC2
Count %

Correctness
Correct 92.0% 98.0% 96.0% 99.0% 31317 94.53%

0.2843 0.9443 0.9443
Incorrect 8.0% 2.0% 4.0% 1.0% 1813 5.47%

Consistency with Report
Fully Consistent 90.0% 91.0% 71.0% 92.0% 30136 90.96%

0.3291 0.7417 0.8953Partially Consistent 8.0% 7.0% 27.0% 7.0% 1866 5.63%
Inconsistent 2.0% 2.0% 2.0% 1.0% 1128 3.41%

Answer Completeness
Complete 70.0% 88.0% 88.0% 83.0% 24653 74.41%

0.3720 0.6851 0.8586Partially Complete 26.0% 10.0% 9.0% 13.0% 5593 16.88%
Incomplete 4.0% 2.0% 3.0% 4.0% 2884 8.71%

Clinical Relevance
Essential 90.0% 95.0% 95.0% 81.0% 27683 83.56%

0.3395 0.8312 0.8858Non-essential but Correct 3.0% 3.0% 1.0% 17.0% 3410 10.29%
Incorrect and Misleading 7.0% 2.0% 4.0% 2.0% 2037 6.15%

As shown in Table 3, the four verifiers exhibit highly consistent judgments. We addi-
tionally computed inter-annotator agreement using weighted Fleiss’ κ (Fleiss, 1971), Gwet’s
AC1 (Gwet, 2002), and AC2 (Gwet, 2012). Following Landis and Koch scale (Landis and
Koch, 1977), Fleiss’ κ indicated fair to moderate agreement, whereas AC1 and AC2 showed
substantial to almost perfect agreement. This discrepancy arises because κ subtracts chance
agreement, which becomes inflated when annotators overwhelmingly select the same cat-
egory (e.g., labeling correctness as correct). Consequently, κ underestimates agreement
despite near-unanimous evaluations. Overall, all metrics demonstrate strong alignment
among verifiers, reinforcing the dataset’s reliability.

As a final remark, the results in Table 3 demostrate that all verifiers converge on a
consistently high correctness of the question–answer pairs, confirming that the dataset’s
annotations are not only reliable but also accurate in their clinical and linguistic content.
This strong consensus ensures that the dataset provides a trustworthy supervisory signal,
making it well suited for training linguistically rich, diverse, and clinically robust VQA
models.

5. Baseline Models

We present the baseline models used to establish reference performance on our dataset,
incorporating two different models and training strategies.
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5.1. SwinVED-SCST

SwinVED (Marhuenda et al., 2025), is a Vision Encoder Decoder architecture composed
of a Swin (Liu et al., 2021b) Transformer encoder and a 3-layer Transformer-based text
decoder.

Figure 2: Architecture of our SwinDecoder-SCST baseline for MIMIC-CXR-VQA.

Our training strategy follows a three-stage process. The model architecture and the first
two stages of training are directly adopted from our previous work (Marhuenda et al., 2025),
where the vision encoder and language decoder are pre-trained and subsequently aligned for
image–text generation tasks. In this work, we extend that pipeline by introducing a third
stage.

In the Third stage (right side of Fig 2), we apply Reinforcement Learning (RL) using
the Self-Critical Sequence Training (SCST) algorithm (Rennie et al., 2016). This stage
aims to directly optimize a semantic similarity metric by using it as a reward signal. SCST
performs two decoding passes: one using greedy decoding to generate a baseline answer
Yg, and another using multinomial sampling to produce a sampled answer Ys, from which
gradients are computed.

We utilize BERTScore (Zhang et al., 2020) as the reward function to improve the fluency
and semantic accuracy of generated answers. For each generated answer, a reward is calcu-
lated by comparing Ys and Yg to the ground-truth reference answer Yref, and computing the
difference in BERTScore values. These differences are scaled by the log-probability of the
sampled answer and used as the reinforcement signal. The BERTScore-based loss is given
by:

LossBERTScore(Ys, Yg, Yref) = − (rBERTScore(Ys, Yref)− rBERTScore(Yg, Yref)) log Pr(Ys) (1)

The final RL loss combines this metric-specific loss with the standard negative log-
likelihood loss (LossNLL) used during supervised training:

LossRL = αLossBERTScore + γ LossNLL (2)

In our experiments, we set α = 0.6 and γ = 0.4 to balance semantic alignment with the
reference text and grammatical fluency. This stage enables the model to better align its
outputs with clinically and semantically meaningful language.
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5.2. BLIP-2-MultiView

Figure 3: Architecture of the BLIP-2-MultiView baseline for MIMIC-CXR-VQA.

Baseline 2 builds on the BLIP-2 (Li et al., 2023) framework and adapts it to the multi-
view nature of chest radiography. Following the BLIP-2 training strategy, both the vision
encoder and the FLAN-T5 language model are kept frozen during training, and only the
Q-Formers and projection layers are updated. The model employs a frozen EVA-CLIP
ViT-G/14 (Sun et al., 2023) vision encoder to extract high-level visual features for each
available radiographic view (anteroposterior, posteroanterior, and lateral). For every view, a
dedicated Q-Former branch processes the encoder features by attending over a set of learned
query tokens. Each Q-Former is paired with its own language-projection layer, which maps
the 768-dimensional Q-Former outputs into the 2048-dimensional embedding space of the
FLAN-T5-XL (Chung et al., 2022) language model. These projected features form three
independent visual embeddings, one per view, which are subsequently concatenated into a
unified visual prefix.

To preserve view-specific information, we insert a learned special token before each visual
block: [AP], [PA], and [LAT]. Missing views are handled by applying a learned masking
mechanism that zeroes out the corresponding projected features while retaining positional
alignment. The question is prefixed with a dedicated [Q] token, and the FLAN-T5 decoder
generates the answer autoregressively starting from the model’s native <BOS> token.

This design allows the language model to jointly reason over structured multi-view
representations while maintaining explicit separation between views. As a result, the model
can exploit geometric and anatomical complementarities across radiographic projections,
leading to improved medical visual question answering performance.

6. Experimentation and Results

All experiments were performed on a single NVIDIA RTX 4090 GPU with 24GB of memory,
providing enough computational performance for training complex models.

For evaluation, we employed token-based metrics, BLEU (Papineni et al., 2002), ME-
TEOR (Banerjee and Lavie, 2005), ROUGE-L (Lin, 2004), and CIDEr (Vedantam et al.,
2015) as performance metrics to assess the effectiveness of our model. Also, we have added
BERTScore (Zhang et al., 2020) to have a score closer to a personal judgment, which token-
based metrics cannot provide. The performance for each model is shown in Table 4.

9



Aas-Alas Obrador-Reina Marhuenda Albiol Paredes

Table 4: Comparison of our models’ performance. The best results are shown in bold.
Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr BERTScore

BLIP-2 0.1357 0.0954 0.0705 0.0523 0.1300 0.3472 0.7657 0.5301

VED (Train Decoder FT-Swin) 0.2837 0.2132 0.1669 0.1323 0.1707 0.4125 1.6421 0.5937
VED (+ Unfreeze Swin) 0.2867 0.2165 0.1700 0.1352 0.1724 0.4137 1.6514 0.5954
VED (+ RL) 0.3046 0.2290 0.1790 0.1416 0.1756 0.4143 1.6329 0.5957

The results in Table 4 show a clear contrast between the BLIP-2-MultiView baseline
and our SwinVED models. The BLIP-2-MultiView model, despite its strong pretrained
multimodal architecture, achieves lower scores across all metrics when evaluated directly on
our Medical VQA task.

In contrast, the SwinVED pipeline exhibits consistent and substantial improvement
through its multi-stage training strategy. Starting with the frozen Swin encoder fine-tuned
on MIMIC-CXR from our previous work (Marhuenda et al., 2025), training only the decoder
already yields strong baseline performance. In the second stage, unfreezing the swin encoder
for joint optimization further enhances the model’s capacity, improving all metrics. Finally,
incorporating reinforcement learning (RL) in the third stage leads to the best performance
overall, achieving the highest scores in BLEU, METEOR, ROUGE-L, and BERTScore.

These results demonstrate that, although BLIP-2-MultiView provides a strong pre-
trained multimodal baseline, our progressively optimized SwinVED-SCST approach is more
effective for domain-specific Medical Visual Question Answering.

7. Conclusion

In this work, we introduced a large-scale medical VQA dataset for chest radiography con-
taining over 3.2 million clinically grounded QA pairs generated through a controlled LLM
pipeline. Our dataset addresses key limitations of prior work by providing diverse, evidence-
based answers with strong linguistic and clinical fidelity. We also introduced two baseline
models SwinVED-SCST and BLIP-2-MultiView which establish the first benchmark on this
dataset and highlight its value for multimodal reasoning in radiology.

The large-scale, evidence-based nature of our LLM-generated QA pairs addresses the
critical challenge of data scarcity and generalization in medical VQA. By producing a mas-
sive corpus that remains consistent with the original reports, the dataset offers a robust,
clinically aligned foundation for training models that generalize effectively across varied
presentations and linguistic patterns.

Our dataset creation methodology, which intentionally produces open-ended, non-templated
responses, shifts medical VQA from a classification-like task to a genuine generative rea-
soning problem. This linguistic richness and focus on clinical fidelity make the dataset well
suited for evaluating whether a model can not only detect findings but also synthesize clear,
descriptive answers, promoting more human-readable and clinically useful AI systems.

Both baselines are designed as starting points for future research, offering accessible,
extensible frameworks for developing more advanced medical VQA systems. By releasing
the dataset and code openly, we aim to support progress toward clinically meaningful AI
tools capable of assisting radiologists with accurate and interpretable question answering.
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Appendix A. Question List

• Atelectasis: Is Atelectasis observed? Can Atelectasis be identified? Are there signs
of Atelectasis? What evidence of Atelectasis is present? Does the patient have At-
electasis? Are there indications of Atelectasis?

• Cardiomegaly: Is Cardiomegaly present? Can Cardiomegaly be detected? Are
there signs of Cardiomegaly? What suggests Cardiomegaly in the findings? Is there
evidence of Cardiomegaly? Does the image show Cardiomegaly?

• Consolidation: Is Consolidation observed? Can Consolidation be identified? Are
there signs of Consolidation? What evidence of Consolidation is visible? Does the
image indicate Consolidation? Are there indications of Consolidation?

• Edema: Is Edema observed? Can Edema be detected? Are there signs of Edema?
What evidence of Edema is present? Does the image suggest Edema? Are there
indications of Edema?

• Enlarged Cardiomediastinum: Is the Cardiomedistinum enlarged? Can an en-
larged Cardiomedistinum be detected? Are there signs of an enlarged Cardiomedis-
tinum? What suggests an enlarged Cardiomedistinum? Is the Cardiomedistinum
abnormal in size? Are there indications of an enlarged Cardiomedistinum?

• Fracture: Is a Fracture visible? Can a Fracture be identified? Are there signs of
a Fracture? What evidence of a Fracture is present? Does the image indicate a
Fracture? Are there indications of a Fracture?

• Lung Lesion: Is a Lung Lesion observed? Can a Lung Lesion be detected? Are
there signs of a Lung Lesion? What suggests a Lung Lesion in the findings? Is there
evidence of a Lung Lesion? Does the image show a Lung Lesion?

• Lung Opacity: Is Lung Opacity present? Can Lung Opacity be identified? Are
there signs of Lung Opacity? What evidence of Lung Opacity is visible? Does the
image indicate Lung Opacity? Are there indications of Lung Opacity?

• No Finding: Are there any findings? Is there any finding in the image? Can any
abnormalities be detected? Are there indications of findings in the image? Are there
any abnormalities present? Do you see any findings in the image?
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• Pleural Effusion: Is Pleural Effusion present? Can Pleural Effusion be detected?
Are there signs of Pleural Effusion? What evidence of Pleural Effusion is visible?
Does the image suggest Pleural Effusion? Are there indications of Pleural Effusion?

• Pleural Other: Is there any Pleural abnormality? Can Pleural findings be identified?
Are there signs of Pleural conditions? What Pleural abnormalities are present? Are
there unusual Pleural findings? Does the image suggest any Pleural conditions?

• Pneumonia: Is Pneumonia observed? Can Pneumonia be detected? Are there signs
of Pneumonia? What evidence of Pneumonia is present? Does the image indicate
Pneumonia? Are there indications of Pneumonia?

• Pneumothorax: Is Pneumothorax present? Can Pneumothorax be detected? Are
there signs of Pneumothorax? What evidence of Pneumothorax is visible? Does the
image suggest Pneumothorax? Are there indications of Pneumothorax?

• Support Devices: Which Support Devices are found? What types of support devices
are present? Which support devices can be identified? Are there any support devices
observed? What support devices are detected? Can any support devices be found?

• Heart: Is the heart size normal? Does the heart appear enlarged? How is the size of
the heart? Is the heart size within the expected range? Does the radiograph suggest
a normal heart size? Is there any indication of an enlarged heart?

Appendix B. System Prompt

This appendix presents the complete system prompt used to guide the model’s behavior
during dataset generation

System Prompt

Task Definition: You are an assistant that, given a medical report about a chest
radiograph, an indication for the imaging study and a related question, will return a
JSON response with the question and an answer strictly based on the radiographic
findings.

Response Format: Your response must follow this format: {"question":
"question", "answer": "Your generated answer here."}

Strict Evidence-based Approach: The answer must include all relevant details
present in the report without making inferences or assumptions beyond what is visible
in the images. Ensure your answer fully addresses the question and is complete.

Prohibited Terms and Constraints: Do not use words that imply comparison
or change, such as unchanged, new, previous, compared, remains, alteration, progres-
sive, stable, worsening, improving, evolving, resolving, persistent, ongoing, recurrent,
interval, follow-up.

Terminology Guidelines: Do not reference reports directly; instead, refer to them
as images or radiographs (e.g., ”as seen in the radiograph” instead of ”as mentioned
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in the report”). Avoid verbs like mentioned or described and instead use direct
observational terms such as seen, show, observe, identify, demonstrate.

Neutrality and Objectivity: Maintain an objective and neutral tone, strictly
reporting what is present in the radiographic findings. Ensure that the response de-
scribes the findings as if the radiograph is being observed for the first time, avoiding
terms that imply prior knowledge, comparison, or assumptions about previous states.
Rephrase statements to remove any relative assessments (e.g., replace ”relative in-
crease in opacity” with ”opacity is observed”).
figureSystem prompt.

Appendix C. User Prompt

This appendix provides the template used for the user-side input during dataset creation.

User Prompt

indication: {indication}
report findings: {findings}
question: {question}
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